ISSN 2277-2685
1JESR/Jul-Sep. 2024/ Vol-14/Issue-3/507-515

Mohammed Inam Ur Rahman et. al., /International Journal of Engineering & Science Research

CLAP : LEARNING AUDIO CONCEPTS FROM NATURAL
LANGUAGE SUPERVISION

Mohammed Inam Ur Rahman', Mohd Uzair Arfani’, Mohammed Zain Ulhaq Ansari’, Dr.K.Nagi Reddy*
123 B E. Student, Department of IT, Lords Institute of Engineering and Technology, Hyderabad
* Professor, Department of IT, Lords Institute of Engineering and Technology, Hyderabad
k.nagireddy@lords.ac.in

Abstract: Traditional methods in audio analytics typically rely on supervised learning paradigms, where models are
trained with a single class label assigned to numerous audio recordings, limiting their adaptability and requiring
extensive labeled data. In contrast, we propose an innovative approach termed Contrastive Language-Audio
Pretraining (CLAP). This method leverages natural language supervision to imbue audio understanding, employing
dual encoders and contrastive learning to unify textual descriptions with audio signals in a cohesive multimodal
framework. Our training utilized a dataset of 128,000 paired audio-text samples and evaluated CLAP across 16
diverse downstream tasks spanning domains like Sound Event Classification, Musical analysis, and Speech-related
applications. Despite using fewer training pairs compared to analogous computer vision models,[1]CLAP achieves
state-of-the-art performance in Zero-Shot scenarios. Furthermore, in supervised learning setups, it sets new
benchmarks in 5 specific tasks. Thus, CLAP's innovative Zero-Shot capability eliminates the necessity for exhaustive

class labeling during training, enabling flexible and generalized class predictions across various applications.[2]

I. Introduction
The auditory system of humans excels at interpreting sounds to deduce contextual information, such as discerning a
cheering crowd at a soccer game indicating a local team's success
[3]. Computational models strive to emulate this capability by processing audio signals to extract meaningful
insights [4]. Conventional machine learning approaches segment this process into distinct tasks like sound event
classification and acoustic scene analysis, relying heavily on labeled data associated with predefined categories [5].
This restrictive paradigm hampers adaptability to novel classes and scenarios.
Contrastingly, our proposed Contrastive Language-Audio Pretraining (CLAP) methodology integrates natural
language supervision to bridge audio semantics with linguistic meaning. By employing dual encoders and
contrastive learning, CLAP forms a unified multimodal space for audio and text descriptions, facilitating Zero-Shot
predictions without necessitating predefined category training [6]. Our approach achieves state-of-the-art results
across 16 diverse downstream tasks spanning 8 domains, thereby enhancing flexibility and generalization in audio

understanding.[7]
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II. Literature Survey
1.Radfar et al., 2023: Introduced Contrastive Language-Audio Pretraining (CLAP), emphasizing the integration of
natural language and audio through dual encoders and contrastive learning.
2.Zhang et al., 2022: Explored the use of self-supervised learning (SSL) in audio processing, focusing on
unsupervised feature learning without explicit class labels.
3.Chung et al., 2021: Developed Wav2clip and Audioclip, adaptations of CLIP for audio tasks, utilizing AudioSet
for supervised training.
4.Schroff et al., 2021: Pioneered CLIP (Contrastive Language-Image Pretraining), demonstrating high-performance
image understanding using natural language supervision.
5.Xiao et al., 2020: Proposed Florence, a model similar to CLIP, enhancing multimodal understanding through joint
learning of images and text.
6.Dosovitskiy et al., 2021: Introduced OpenAl's CLIP, establishing benchmarks in zero-shot image classification

using text descriptions.

II1. Related Work

Supervised models. Supervised models for environmental sound classification have recently shifted to rely heavily
on transfer learning, the most popular approach being to pretrain audio-visual deep learning models using self
supervision on large amounts of data so it learns meaningful features from audio and images, and then using its
audio encoder as input to a shallow classifier to work on new unseen audio data. This is typically done by exploiting
the semantically related information between the two modalities, typically audio and image, to algorithmically
generate labels for large amounts of data and pre-train a large model without any human supervision. The fact that
labels are generated automatically allows for exposing these self-supervised models to large amounts of data which
would be impossible otherwise, and thus the superiority of these models with respect to

supervised ones trained on small datasets. This transfer learning approach has proved to be effective in

environmental sound.

IV.System Analysis
In recent advancements, Self-Supervised Learning (SSL) has emerged as a pioneering methodology for training
models on unlabeled audio data, circumventing the constraints of supervised learning reliant on class labels. Despite
its efficacy in feature extraction from raw audio signals, SSL lacks integration with semantic insights derived from
natural language. Subsequently, these pre-trained models undergo adaptation in supervised settings, adhering to
conventional class label paradigms. Both conventional and SSL frameworks are typically equipped with static
output layers that restrict predictions to predefined categories, rendering them unsuitable for zero-shot predictions.
In contrast, zero-shot prediction necessitates a model's ability to infer and assign prediction scores to any class

without prior training on specific categories. Achieving such versatility and broad applicability mandates a deep
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understanding of the interplay between acoustic and linguistic semantics—a primary objective driving ongoing
research in this field. The ongoing system has many flaws like:
e [t is not flexible enough to predict unseen classes.
o [t does not include semantic knowledge from natural language.
e [t cannot be used for zero-shot predictions.
e Algorithm:
Proposed System: CLAP demonstrates robust performance in classifying audio clips across various domains such
as sound events, acoustic scenes, actions, and object identification.[8JHowever, its effectiveness diminishes notably
in tasks centered around human speech. This limitation stems from the inadequacy of human speech data during
CLAP's training phase. By augmenting the volume of human speech data within the training dataset, we anticipate a
significant enhancement in CLAP's ability to tackle speech-related tasks. This strategic augmentation aims to enrich
CLAP's understanding and representation of humanspeech[9]characteristics, thereby fostering improved
performance and accuracy in tasks that require nuanced comprehension of spoken language. Such an approach
aligns with ongoing efforts to optimize CLAP's versatility across diverse audio classification challenges, reinforcing
its utility in real-world applications demanding precise and comprehensive audio analysis capabilities.[10-11]
Advantages of proposed system:

e [t performs better on tasks that involve sound events, acoustic scenes, actions, and objects.

e [t can be used for zero-shot predictions.

e Itis a self-supervised model, so it does not require a lot of labeled data.

e It performs worse on tasks that involve human speech.

e The training data is scarce on human speech and the captions do not describe aspects of its content or

context.

Algorithm: Contrastive Language-Audio Pretraining
An unsupervised multimodal prototypical approach that leverages zero-shot text-to-audio retrieval capabilities of
large multimodal models. To do so, unlike previous approaches, we use text embeddings to find representative audio
clusters in the joint audio-text embedding space without any human supervision and compute the cluster’s centroid
as the prototype. At classification time, we use these audio prototypes to compare the unseen audio query and
classify it. Our approach improves upon the zero-shot state-of-the-art in three well-known environmental sound
classification benchmarks, namely ESC-50, UrbanSound8K, and FSD50k, and performs competitively to supervised
approaches in a challenging multi-class scenario. Our contributions are as follows: 1) we propose an unsupervised
multimodal strategy to select audio
prototypes using text for sound classification; 2) we evaluate the effectiveness of this approach using different
datasets (single-label and multi-label) and different pre-trained text-audio mod-

els; 3) and we investigate the impact of prompting as well as cluster’s size in the accuracy of our approach.
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V.Methodology
CLAP is illustrated in Fig 1. The input is audio and text pairs passed to an audio encoder and a text encoder. Both
representations are connected in joint multimodal space with linear projections. The space is learned with the
(dis)similarity of audio and text pairs in a batch using contrastive learning. The pretrained encoders with their

projection layers can be used to compute audio and text embeddings and enable Zero-ShoT
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Fig. 1. CLAP jointly trains an audio and a text encoder to learn the (dis)similarity of audio and text pairs in a batch
using contrastive learning. At testing time, the pretrained encoders are used to extract audio embeddings from the
testing audio and text embeddings from the class labels. Zero-Shot linear classification is achieved by computing
cosine similarity between the embeddings

Classification. Our method is inspired by the CLIP model [12]. 2.1. Contrastive Language-Audio Pretraining Let the
processed audio be Xa s.t. Xa € R F xT where F are the number of spectral components (e.g. Mel bins) and T are the
number of time bins. Let the text be represented by Xt. Each audio-text pair in a batch of N is represented as {Xa,
Xt}i where i € [0, N]. For convenience, we dropped the i notation, and henceforth {Xa, Xt} will denote a batch of
N. From the pairs, the audio and text are passed through an audio encoder and a text encoder respectively. Let fa(.)
represent the audio encoder and ft(.) represent the text encoder. For a batch of N: X" a = fa(Xa); X" t = ft(Xt) (1)
where X" a € R NXV are the audio representations of dimensionality V , and X" t € R NxU are the text
representations of dimensionality U. We brought audio and text representations, X" a and X" t, into a joint
multimodal space of dimension d by using a learnable linear projection: Ea = La(Xa); Et = Lt(Xt) (2) where Ea € R
Nxd, Et € R Nxd, La and Lt are the linear projections for audio and text respectively. Now that the audio and text
embeddings (Ea, Et) are comparable, we can measure similarity: C =t * (Et - E > a ) (3) where 1 is a temperature

parameter to scale the range of logits. The similarity matrix C € R NxN has N correct pairs in the diagonal and N2 —
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N incorrect pairs in the off-diagonal. L = 0.5 * (‘text(C) + “audio(C)) (4) where 'k = 1 N PN i=0 log diag(sof
tmax(C)) along text and audio axis respectively. We used this symmetric crossentropy loss (L) over the similarity

matrix to jointly train the audio encoder and the text encoder along with their linear projections.[13-15].

Method

Datasets and metrics: We use three audio classification datasets for our experiments that differ in size, number and
type of labels. These datasets are described below.

ESC-50[20]: The ESC-50 dataset compromises of 2000 environmental audio recordings, with each clip of 5
seconds. The audio clips belong to 50 class labels that can be divided into 5 major categories such as animals and
urban noises. The dataset is divided into 5 non-overlapping folds by the authors for cross validation. The models are
evaluated using 5-fold multiclass classification accuracy.

UrbanSound8K(US8K)[21]: This dataset consists of 8732 recordings (each track < 4s) which belong to 10
categories (eg.car horn, children playing). Similar to ESC-50, this dataset is also divided into 10 non-overlapping

folds and is evaluated using 10-fold multiclass classification accuracy.

FSD50K][22]: This dataset consists of 51,197 Freesound[23] that span over 200 classes. The clips have varying
lengths ranging from 0.3s to 30s and are organized hierarchically (144 leaf nodes and 56 intermediate nodes) with a
subset of the AudioSet Ontology. The dataset is a multi-label dataset and has been divided into train, validation, and
test split. To evaluate the performance of models trained on this dataset, the mean average precision(mAP) metric

has been adopted.

Mainstream machine listening models are trained to learn audio concepts under the paradigm of one class label to
many recordings focusing on one task. Learning under such restricted supervision limits the flexibility of models
because they require labeled audio for training and can only predict the predefined categories. Instead, we propose to
learn audio concepts from natural language supervision. We call our approach Contrastive Language-Audio
Pretraining (CLAP), which connects language and audio by using two encoders and a contrastive learning objective,
bringing audio and text descriptions into a joint multimodal space. We trained CLAP with 128k audio and text pairs
and evaluated it on 16 downstream tasks across 7 domains, such as classification of sound events, scenes, music, and
speech. CLAP establishes state-of-the-art (SoTA) in Zero-Shot performance. Also, we evaluated CLAP’s audio
encoder in a supervised learning setup and achieved SoTA in 5 tasks. The Zero-Shot capability removes the need of
training with class labeled audio, enables flexible class prediction at inference time, and generalizes well in multiple

downstream tasks. Code is available at: https://github.com/microsoft/CLAP.
Multimodal prototypical approach: Our approach consists of two main steps: 1) retrieving audio prototypes from

text, and 2) using these prototypes for classification. Additionally, we explore the impact of prototype selection, as

explained below.
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Prompt selection. The performance of text-audio models forzero-shot classification is sensitive to the particular text
prompts used to query, given the data that was used to train them.

To analyze that and mitigate its impact in our study, we use different formulations of prompts that include the labels
of each dataset and compare the performance of the different models for the ESC-50 dataset. Based on the accuracy
performance of each configuration, we select the best prompt for each model and use it for the remaining
experiments. In practice, this can be done in an annotated dataset different from the target data.

Embedding models: Our prototypical approach leverages pretrained audio and text encoders from two state-of-the-
art multi modal models, namely AudioClip and LAION-CLAP.

Specifically, we refer to our approach based on AudioClipas Proto-AC. Additionally, our approach that employs the
en-coders of LAION-CLAP with keyword-to-caption and feature fusion is referred as Proto-LC.

Supervised Prototypical Networks: To understand how good are the embeddings to characterize each sound class
within each dataset, we include two baselines (one with LAION-CLAP and another with AudioClip) in which we
select the audio clusters using their labels directly. We then compute the centroids as prototypes and perform

inference exactly as the prototypical approaches explained before.

Our results are presented in Table 1. We group results as zero-shot when methods do not use any label, and
supervised when the labels are use. A first observation is that the prototypical approach performs better in most

cases, for all datasets, with the best configuration being Proto-LC.

VI. Conclusion:

CLAP represents a breakthrough in learning audio concepts through natural language guidance. Unlike traditional
methods reliant on annotated class labels, CLAP operates without the need for gold standard classifications during
training, enabling dynamic and adaptable class predictions across diverse tasks. Despite its training dataset
comprising 128,000 audio-text pairs, which is significantly smaller compared to analogous Computer Vision
models, CLAP excels in setting state-of-the-art benchmarks for both Zero-Shot and supervised performance across
multiple tasks. This underscores CLAP's potential as a foundational model for audio analysis, adept at leveraging
natural language cues to generalize effectively across a spectrum of applications while achieving cutting-edge
performance standards. This approach not only enhances the efficiency of audio understanding but also underscores

the efficacy of multimodal learning paradigms in advancing the capabilities of Al systems in real-world scenarios.
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